Abstract
Three explanatory variables were fitted to the models: the salinity of inundating water in the 151 wet season, slope of the terrain and the hydroperiod, which is the duration of inundation 152 expressed as a percent of time. These variables were selected as previous work has shown a 153 significant relationship between these variables and mangrove community distribution (Crase 154 et al., 2013) . Pearson correlations between the variables were calculated before fitting the 155 models to ensure that none of the variables were highly correlated (R <0.3, Appendix S2).
156
The salinity of the inundating water during the wet season, was derived for each grid cell in extracting the percent of time inundated. The hydroperiod ranged from 0% (never inundated) 171 to 100% (continuously inundated). All variables were manipulated and derived using ArcGIS 172 (ESRI vers.10.1).
173
Simulating environmental change scenarios 174 For the simulated dataset, four scenarios of climate change-mediated rainfall increase were 175 produced by increasing the explanatory variable, 'rain', for each cell in the study area, by 176 steps of 100 mm, until rain was 600 mm greater than in the baseline simulation. The second 177 explanatory variable, djungle, remained fixed. For the mangrove communities, two simulated environmental explanatory variables were fitted to all models, so the difference between 206 these three classes of models was whether or not an autocovariate term was included, and the 207 way the term was derived.
208
The RAC and autologistic models both derive a term reflecting the spatial autocorrelation where yj is the value of the response variable at location j, where j is a cell within the set Ni were then fitted to the BRT models at the same time as the explanatory variables.
220
The RAC autocovariate term was calculated such that,
where qj is the estimated probability of occurrence at site j derived from an environment-only variables were then fitted to the BRT models.
227
For all fitted models, predictive performance was assessed using two cross-validated 
236
To ensure that the data used to fit the models was not also used to test model performance we 237 calculated the metrics of model performance using ten-fold cross-validation (Stone, 1974). 
Results

276
Spatial autocorrelation in model residuals
277
All modelling approaches accounted for some of the spatial autocorrelation present in the 278 response variable for both the simulated and observed datasets, although at short distances, modelling approaches applied to control SA.
303
For the observed mangrove data, the autocovariate terms had the greatest RI in the RAC and water was moderate to low in all approaches (water salinity: 3.3-38.9%; slope 4.9-24.4%).
306
The predictor variable hydroperiod had a high RI in the env-only models (41.1-55.6%), 307 moderate in the RAC approach (6.4-19.8%) and low in the autologistic approach (1.2-1.5%) autocovariate is included) alters the inference drawn from the model. The apparent 310 importance of the hydroperiod in structuring community distribution is diminished when 311 autocovariate terms are included, particularly so for the autologistic approach and less so for 312 the RAC approach.
313
The partial plots illustrate how the modelling approach influences the inferred relationship 314 between the probability of occurrence of by particular mangrove community and the forecasts.
353
The differences in the magnitude of spatial change in suitable habitat forecast by the The forecasts differed between the two modelling approaches we applied to account for SA Currently, we know that SA in model residuals is a problem, but no guidance can be offered 492 about the intensity of the problem. In some cases, the threshold of unacceptable SA could be 493 determined by the decision context and the level of acceptable uncertainty in forecasts.
494
A related issue is overfitting the models, which is a general issue within the field of periods from the one used to fit the model. In modelling approaches that incorporate SA, a 498 critical assumption is that the processes that lead to the observed SA will remain stationary,
499
just as the relationships between species occurrence and the environmental drivers are 500 assumed to remain constant when forecasting across time and space. Where correlations with 501 the biological processes that cause aggregation or dispersion in species occurrence are not 502 stationary, model forecasts are likely to be poor. This would be especially true for SA 503 models that emphasize intrinsic SA. In contrast, the RAC approach may be more appropriate 504 due to its apparent compromise between extrinsic and intrinsic processes.
Other studies comparing the accuracy of environment-only models with SA models are 
